A geing is associated with a progressive decline in many aspects of cognitive function including episodic memory . In an effort to better understand these wide-ranging changes, researchers have sought to pinpoint core mental operations that are impacted by ageing (for example, see Salthouse ). One such operation is perceptual decision-making, which is the process whereby sensory information is translated into goaldirected actions.
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Much of what we know about how ageing affects perceptual decision-making comes from behavioural studies employing sequential sampling models [7] [8] [9] . The core principle underlying these models is that noisy sensory evidence is accumulated until a predetermined quantity has accrued in favour of one of the decision alternatives. The two most consistent findings to emerge from this work have been an age-dependent widening of decision boundaries [10] [11] [12] [13] [14] [15] [16] , indicative of older adults adopting more cautious decision policies 17 , and an age-related slowing of non-decision processing indicating a delay in sensory encoding and/or motor execution [10] [11] [12] 14, [18] [19] [20] [21] . Perhaps surprisingly, ageing effects on the parameter that dictates the mean rate of evidence accumulation ('drift rate') vary substantially across studies and appear to be highly taskdependent (for example, see Ratcliff et al. 10, 14 , Thapar et al. 21 and Ratcliff et al. 22 ). For instance, whereas older and younger adults had similar drift rates on a signal detection task 10 , older adults had lower drift rates on a letter discrimination task 21 and higher drift rates during motion discrimination 16 . While these mathematical models have provided valuable insights into the effects of ageing on decision-making, there are limits on what can be gleaned from the modelling of behavioural data alone (see Dully et al. 23 for a recent review). For instance, it is difficult to ascertain whether any age-related differences in drift rate emanate from differences in the quality of sensory encoding, the integrity of the evidence accumulation process itself or engagement of other systems that play a supporting role in perceptual decision-making, such as neuromodulatory and attention systems that are known to be affected by ageing (for example, see Robertson 24 ). More generally, abstract decision models that quantitatively capture behaviour do not necessarily reflect the neural computations underlying decision formation, as evidenced in recent non-human primate research [25] [26] [27] . Some animal neurophysiology studies have thus begun to use neural signatures of decision formation directly to construct model variants that are more representative of the neural implementation of the decision process as well as its behavioural output 25, 28 . The recent identification of analogous decision signals in non-invasive recordings presents an opportunity to similarly develop neurally informed models of human decision-making. These human brain signals bear all of the same decision-predictive characteristics as have been reported for build-to-threshold decision signals observed in single-unit recordings [29] [30] [31] , including a gradual build-up whose rate predicts reaction time and is proportional to evidence strength, and a fixed amplitude immediately before decision reports consistent with a boundary crossing effect [32] [33] [34] . Two functionally distinct categories of human decision signals have been characterized: (1) effector-selective signals that represent the translation of sensory evidence into a specific motor plan, such as lateralized oscillatory activity in the beta-band [33] [34] [35] [36] ; and (2) a domain-general signal found in the event-related potential (ERP), termed the centroparietal positivity (CPP), which exhibits the same evidence accumulation properties irrespective of whether a response is immediate, delayed 37 or not required at all 33 . The build-up of the CPP reliably precedes evidence-selective motor preparation signals 32 , suggesting that it reflects a processing level that intermediates between sensory encoding and motor preparation.
To investigate the impact of ageing on the neural decision process and examine correspondences with the predictions derived from Ageing impacts on decision-making behaviour across a range of cognitive tasks and scenarios. Computational modelling has proved valuable in providing mechanistic interpretations of these age-related differences; however, the extent to which model parameter differences accurately reflect changes to the underlying neural computations remains unclear. Here, we report that age-related effects on neural signatures of decision formation are inconsistent with behavioural fits derived from a prominent accumulation-to-bound model. Most notably, model-predicted bound differences were absent neurophysiologically. However, constraining the model to match the decision-predictive elements of the brain signals provided more parsimonious fits to behaviour and generated predictions regarding the neural data that were empirically validated. These included a task-dependent slowing of evidence accumulation among older adults and reduced between-trial accumulation rate variability, which was linked to enhanced attentional engagement. Our findings highlight how combining neurophysiological measurements with computational modelling can yield unique insights into group differences in neural decision mechanisms.
behavioural modelling, we asked a group of younger and older participants to perform a continuous version of a random dot motion task 32 and a gradual contrast-change detection task 33 , while we recorded a 64-channel electroencephalograph (EEG). This approach allowed us to isolate both effector-selective and domain-general indices of decision formation whose dynamics we compared to key parameter values derived from fitting the most popular sequential sampling variant, the drift diffusion model 9 , to the behavioural data. For the continuous random dot motion task, the diffusion model accounted for age-related performance deficits (longer reaction times and more misses) in terms of a widening of decision boundaries in older adults. However, there were no differences in the amplitude of either the effector-selective or domain-general decision signals at the time of the decision report. Instead, older adults showed slower decision signal build-up of neural evidence accumulation signals, which is equally consistent with the performance deficits in this task. Meanwhile, in the contrast-change detection task, older individuals performed better (less variable reaction times and fewer misses); while the model fits explained this by an increase in both drift rate and decision bound, no age-related differences in the corresponding neural signal measurements were observed. We go on to show that if the diffusion model is constrained to take account of these neurophysiological observations, the model provides a better fit to the motion discrimination data and a comparable fit to behaviour on the contrast-change detection task despite having fewer free parameters, as well as producing estimates of the non-constrained parameters that accord with the corresponding neural measures. Specifically, when decision bounds were constrained to be equal and starting point variability was added as a free parameter to take account of premature evidence accumulation observed in older adults on the motion task, the model could then capture the drift rate difference evident in the neural data. In the contrast-change task, reduced across-trial variability in drift rate in older adults that became apparent in the neurally constrained model was reflected in reduced variability both in the build-up rate of the decision signals and in pre-target alphaband activity, suggesting more consistent attentional engagement.
Together, our data suggest that human neurophysiological signals can play an important role in constraining models of perceptual decision-making and reveal key mechanistic differences that may go undetected using behavioural modelling alone.
Results
Motion discrimination. Behaviour. In a first experiment, 35 younger (17 men; age range: 18-38; mean age: 22) and 31 older participants (13 men; age range: 66-83; mean age: 74) performed a continuous version of a random dot motion task in which they were required to discriminate the direction of intermittent periods of coherent motion (randomly set to 30 or 60%) that occurred within a continuous stream of incoherent motion ( Fig. 1a ; see also Kelly and O'Connell 32 ). For both young and old participants, higher sensory evidence strength (motion coherence) resulted in fewer misses (P < 0.001 for both age groups, Wilcoxon signed-rank test) and faster reaction times (RTs; P < 0.001 for both age groups, Wilcoxon signed-rank test). In keeping with previous studies examining the effects of ageing on motion discrimination 16, 38, 39 , older adults were significantly less accurate than their younger counterparts for both levels of motion coherence ( Fig. 1b ; 30%: W = 250; P < 0.001; rank-biserial r = 0.539; 95% confidence interval (CI): 0.369-0.767; 60%: W = 167; P < 0.001; rank-biserial r = 0.693; 95% CI: 0.573-0.869; Mann-Whitney U-test) and also displayed significantly slower RTs ( Fig. 1b ; 30%: W = 879; P < 0.001; rank-biserial r = 0.619; 95% CI: 0.416-0.746; 60%: W = 962; P < 0.001; rank-biserial r = 0.773; 95% CI: 0.633-0.864; Mann-Whitney U-test). Further analysis revealed that older adults made more erroneous responses (30% coherence: 2.6% ± 5.4 versus 0.5 ± 1.2%; W = 729; P = 0.006; rank-biserial r = 0.343; 95% CI: 0.076-0.564; 60% coherence: 5.4% ± 6.6 versus 0.8% ± 1.1; W = 886; P < 0.001; rank-biserial r = 0.633; 95% CI: 0.435-0.773) and more misses (30% coherence: 6.6% ± 10.3 versus 1.3% ± 2.1; W = 742; P = 0.007; rank-biserial r = 0.367; 95% CI: 0.103-0.582; 60% coherence: 0.4% ± 1.1 versus 0% of targets; W = 599; P = 0.117; rank-biserial r = 0.104; 95% CI: − 0.175-0.368) than their younger counterparts, while there were no differences in the false alarm rates between the two age groups (younger (mean ± s.d.): 0.39 ± 0.5 per block, older: 0.54 ± 0.7 per block; W = 632; P = 0.245; rank-biserial r = 0.165; 95% CI: − 0.114-0.42, Mann-Whitney U-test.
To gain a better understanding of what aspects of the decision process led to these differences in behaviour, we fitted a drift diffusion model to the accuracy and RT data for both age groups (Fig. 2a) . We first identified the key parameters required to fit the model to the data pooled across participants from each group (decision bound, drift rate, non-decision time, across-trial drift rate variability; see Supplementary Fig. 1 and Methods for further information on our approach), before fitting the model to each individual's data from the two groups (Fig. 2c ). An analysis of incorrect responses concluded that they were highly unlikely to have arisen from incorrect decision boundary crossings through evidence accumulation (see Methods for further details); therefore, incorrect responses were omitted from the fitting procedure. The model produced good fits to the pooled group data for both the younger (G 2 = 51.51) and older (G 2 = 70.81) groups. Consistent with previous behavioural modelling studies of motion discrimination and other two-alternative perceptual decisions 10, 16, 21 , both group-level and individual fits suggested that older adults had significantly larger boundary separations than younger adults ( Fig. 2c ; W = 994; P < 0.001; rank-biserial r = 0.832; 95% CI: 0.723-0.901; Mann-Whitney U-test; see also Supplementary Fig. 1b) , with no significant differences in drift rate ( 
Neurophysiology.
To measure the impact of ageing on neural evidence accumulation processes, we recorded an EEG while participants performed the random dot motion task. In line with our earlier findings 32, 40 , the onset of coherent motion elicited a rising positivity in the ERP over centroparietal scalp regions in both younger and older participants (Fig. 3a) . Our previous work has demonstrated that this CPP exhibits the key properties of bounded accumulation that are central to sequential sampling models of perceptual decision-making 32, 33 , while other work has identified similar properties in lateralized oscillatory activity in the mu-beta band (for example, see O'Connell et al. 33 , de Lange et al. 34 and Donner et al. 35 ). Specifically, these signals exhibit a gradual build-up whose rate scales with evidence strength and reaches a stereotyped amplitude at the time of response. Importantly, both of these signals have also been shown to be sensitive to experimental manipulations previously shown to modulate participants' decision boundaries, such as predictive cueing paradigms and experiments that manipulate the speed/accuracy emphasis of a task (for example, see de Lange et al. 34 , Murphy et al. 36 and Steinemann et al. 41 ). In the current study, we took advantage of these evidence accumulation properties to examine the effect of ageing on the build-up and amplitude of response-locked CPP and oscillatory mu-beta activity and compare the findings with our modelling results.
Initial inspection of the data revealed that the CPP build-up of the older group actually commenced before the onset of coherent motion, suggesting a tendency towards premature evidence accumulation (see Supplementary Fig. 2 ). To account for this, we baseline-corrected the ERP waveforms of both age groups relative to Evidence accumulation begins at starting point, z, and a response is initiated when the cumulative evidence reaches the correct, a, or incorrect, 0, response boundary. The mean rate of accumulation is determined by the drift rate, v, which can vary from trial to trial. This variability is assumed to be normally distributed with an s.d. of η. In the neurally informed model, the starting point of the accumulation process could also vary on a trial-to-trial basis, sz, and this variability was assumed to be uniformly distributed. On some trials, the cumulative evidence does not reach either decision boundary before the response deadline; in these cases, the trial is classified as a miss. b, Neurally informed model fits (solid lines) to observed reaction time distributions (histograms) pooled across participants. Inset of each panel: observed and model estimates of target misses. c, Mean parameter estimates derived from model fits to individual data where the decision boundary was free to vary. d, Mean parameter estimates derived from model fits to individual data where the decision boundary was constrained to be the same across age groups and where starting point variability was added as a free parameter. *P < 0.05, ***P < 0.001. a 100 ms interval preceding this initial build-up (600-500 ms before coherent motion; see Discussion for further consideration of this analysis step).
As expected, across both groups, the CPP build-up rate increased in proportion to evidence strength (that is motion coherence, F(1,64) = 25.132; P < 0.001; partial η 2 = 0.282; 90% CI: 0.134-0.412; Bayes factor, BF 01 < 0.001), and the signal reached a stereotyped amplitude immediately prior to response execution that did not differ as a function of coherence (F(1, 64) = 0.551; P = 0.46; partial η 2 = 0.008; 90% CI: 0-0.079; BF 01 = 4.15). The rate of CPP build-up differed between the age groups, with a slower rate of accumulation in the older group compared to the younger group (F(1, 64) = 10.73; P = 0.002; partial η 2 = 0.144; 90% CI: 0.035-0.272; BF 01 = 0.005), while there was no significant difference between age groups in CPP amplitude at response (F(1, 64) = 1.64; P = 0.205; partial η 2 = 0.025; 90% CI: 0-0.115). Although our Bayes factor analysis indicated that the evidence as to whether there was a significant difference in CPP amplitude at response (BF 01 = 1.543) was inconclusive, it should be noted that the numerical trend favoured a lower CPP amplitude in the older group. Thus, this is at odds with the prevailing view to emerge from the modelling literature that older adults implement higher decision bounds (for example, see Ratcliff et al. [10] [11] [12] 14 , Starns and Ratcliff 13 , Spaniol et al. 15 and Forstmann et al.
16
). A qualitatively similar pattern of results was observed at the level of effector-selective motor preparation, with contralateral mu-beta activity (Fig. 3b) reaching a fixed amplitude before response execution irrespective of evidence strength (F(1, 64) = 1.809; P = 0.183; partial η 2 = 0.027; 90% CI: 0-0.12; BF 01 = 2.67), although it was again inconclusive as to whether the amplitude at response varied as function of age group, with anecdotal evidence in favour of there being no difference (F(1,64) = 0.254; P = 0.616; η 2 = 0.004; 90% CI: 0-0.063; BF 01 = 1.54). Also in keeping with the CPP results, the build-up rate of contralateral mu-beta was faster for higher motion coherence (F(1,64) = 5.91; P = 0.018; partial η 2 = 0.085; 90% CI: 0.008-0.203; BF 01 = 0.524) and in younger adults (F(1,64) = 8.45; P = 0.005; partial η 2 = 0.117; 90% CI: 0.021-0.242; BF 01 = 0.128).
Neurally informed modelling. Our neurophysiological data indicate that age-related decrements in motion discrimination performance arise due to slower accumulation of motion information in older adults, with little or no difference in the decision boundary positions of younger and older participants. However, these observations are at odds with our behavioural modelling results and those of previous studies (for example, see Forstmann et al. 16 ). In an effort to address this discrepancy, we fitted an additional model to the behavioural data in which, based on our neurophysiological observations, the decision bound was fixed to the mean of the younger and older group parameter values from the original group-level model fits (see Methods for further details and Fig. 2b for model fits). To account for the early CPP build-up observed in older adults (see Fig. 3a ), we also included starting point variability as a free parameter in the model on the grounds that it would capture any variance in performance and decision signal build-up due to premature evidence accumulation (for example, see Jepma et al. 42 ) irrespective of the particular accumulation strategy that was adopted (for example, leaky versus non-leaky). The model fits from this neurally informed model were better than the original model for both younger (G 2 = 46.9) and older (G 2 = 54.3) groups despite both models having the same number of free parameters. Moreover, the age group differences in the parameter values from the neurally informed model were more in keeping with our neurophysiological data, with significantly lower drift rates in older individuals for both low-and high-coherence stimuli ( Fig. 2d ; vL: W = 264; P < 0.001; rank-biserial r = 0.513; 95% CI: 0.336-0.747; vH: W = 242; P < 0.001; rank-biserial r = 0.554; 95% CI: 0.389-0.778; MannWhitney U-test; see also Supplementary Fig. 1c ). Older adults also displayed significantly higher levels of starting point variability compared to their younger counterparts (t(64) = 4.486; P < 0.001; Cohen's d = 1.106; 95% CI: 0.583-1.623), which accords with the observation of larger pre-target CPP build-up in this group; since CPP manifests as a positive deflection irrespective of which decision alternative the evidence favours, its average amplitude at target onset should be larger when there is greater starting point variability. Between-trial drift rate variability was also higher in younger than older participants, although this effect was not statistically significant (t(64) = 1.944; P = 0.056; Cohen's d = 0.479; 95% CI: − 0.01-0.492; see the 'Contrast-change detection' section for further analysis and discussion). We also note that even when starting point variability was not free to vary between groups, a model with constrained bounds produced more parsimonious fits (Bayesian information criteria (BICs) = 93.29 and 108.37 for younger and older groups, respectively) than a model with unconstrained bounds (BICs = 95.17 and 113.69, respectively) and again highlighted significantly higher drift rates in younger participants (vL: W = 220; P < 0.001; rank-biserial r = 0.594; 95% CI: 0.441-0.805; vH: W = 182; P = 0.001; rank-biserial r = 0.665; 95% CI: 0.536-0.853; Mann-Whitney U-test). Thus, adapting the diffusion model to our neurophysiological observations produced better fits to behaviour while also providing a better account of the age-related differences observed in our neural measures of evidence accumulation.
Contrast-change detection. Behaviour. To assess whether the age-related effects we observed on the random dot motion task generalized to other perceptual decision-making tasks, the same participants performed a contrast-change detection task 33 within the same testing session, with the order of the tasks counterbalanced across participants. Participants were required to continuously monitor a chequerboard stimulus for intermittent reductions in contrast, which were reported via a right-hand button click (Fig. 4a) . Older adults surprisingly outperformed their younger counterparts on this task, detecting more of the contrast reductions ( To establish what aspects of the decision process gave rise to older adults outperforming their younger counterparts on this task, we fitted the data with a one-choice drift diffusion model ( Fig. 5a ; see Ratcliff and Van Dongen 43 ) , with the same free parameters as in the analysis of motion discrimination (decision bound, drift rate, non-decision time, between-trial drift variability). However, a key difference in this model was that we assumed that the drift rate rose linearly over the duration of the target stimulus to reflect the ramping evidence signal (that is, decreasing contrast; see Methods). This model provided a very good fit to the pooled group data ( Supplementary Fig. 3a) for both younger (G 2 = 84.24) and older (G 2 = 87.33) groups. The parameter estimates from the fits of this model to the individual data indicated that the behavioural advantage in the older group was linked to the combined effect of two distinct parameter differences: higher drift rates ( Neurophysiology. To examine whether comparable effects were observed in the neural indices of decision formation, we again measured the CPP and left hemisphere beta (LHB) as assays of sensory evidence accumulation and motor preparation, respectively. In addition to these measures, the gradual contrast-change detection task allowed us to track the basic sensory encoding of contrast over time by measuring the amplitude of the occipital steady-state visual evoked potential (SSVEP; see O'Connell et al. 33 and Di Russo et al. 44 ) generated by the on-off flicker of the chequerboard stimulus. Although the amplitude of the SSVEP was greatly reduced in the older group compared to the younger group, when the signals were normalized to take account of these baseline differences (see Methods for further details), the SSVEPs for both age groups reliably tracked the decrease in stimulus contrast, displaying remarkably similar stimulus-and response-aligned waveforms (Fig. 6a) . Furthermore, both CPP (Fig. 6b) and LHB (Fig. 6c) were very similar across the age groups, with no significant differences in the build-up rates (CPP: t(74) = 1.14; P = 0. Neurally informed modelling. Our initial neural signal analysis did not uncover any differences at the sensory encoding, decision formation or motor preparation processing levels that could account for the enhanced contrast-change detection performance of the older participants. As in the random dot motion data, these electrophysiological data appear to be at odds with our findings from a fit of a standard diffusion model, which suggested that older adults displayed higher rates of evidence accumulation and elevated decision boundaries. In an attempt to reconcile these findings, we fixed the boundary criterion and drift rate parameters to intermediate values between the younger and older group values derived from the initial model fit (four free parameters) and fitted the resulting model (two free parameters) to the behavioural data (Fig. 5b) . While the fits of this reduced model to the pooled data were marginally worse compared to the unconstrained model fits for both younger (G 2 = 97.31) and older (G 2 = 90.72) groups, the BIC values indicated that the constrained model (younger: 113.79; older: 107.2) provided a more parsimonious fit to the data compared to the original model (younger: 117.19; older: 120.3) with four free parameters. Fitting this neurally constrained model to the individual data suggested that the key factor underlying the age-related behavioural advantage was a higher degree of between-trial drift rate variability in younger compared to older adults ( Fig. 5d ; W = 359; P < 0.001; rank-biserial r = 0.503; 95% CI: 0.334-0.722, Mann-Whitney U-test; see Supplementary Fig.  3c for parameter values from fits to pooled data). In the following section, we sought evidence from our neurophysiological data to support these model findings.
Linking neurally informed modelling to neurophysiology. The results from the neurally constrained diffusion model suggest that the main factor driving the older adults' behavioural advantage on the contrast-change detection task is reduced between-trial drift rate variability. To establish whether there was a corresponding agerelated reduction in the variability of the neural signatures of decision formation, we calculated single-trial estimates of the CPP slope for the two age groups. This analysis revealed that the CPP buildup was significantly more variable in the younger group compared to the older group (mean s.d. across participants: young = 0.31, old = 0.21; t(74) = 5.653; P < 0.001; Cohen's d = 1.297; 95% CI: 0.805-1.796) in keeping with the modelling results. Furthermore, a similar age-related reduction in the variability of the CPP build-up rate was also observed in the data from the random dot motion task (median s.d. across participants: young = 0.16, old = 0.13; W = 385; P = 0.043; rank-biserial r = 0.29; 95% CI: 0.057-0.562, MannWhitney U-test), suggesting that this effect generalizes across different perceptual tasks.
One potential reason for the age-dependent decrease in betweentrial variability of evidence accumulation is that older adults maintained a greater level of engagement with the task (for example, see Forstmann et al. 16 ), while younger participants may have been more susceptible to fluctuations of attention over the course of the experiment. Although the current experiment did not directly manipulate the effect of attention on task performance, the amplitude of pre-target alpha-band activity over posterior scalp sites is a wellknown electrophysiological signature of endogenous attention 32, 45, 46 . In line with the idea that younger adults may be more susceptible to fluctuations of attention, across-trial variability of alpha-band activity (c.v.) was higher for younger participants compared to their older counterparts (young: 0.231, old: 0.185; t(74) = 3.14; P = 0.002; Cohen's d = 0.721; 95% CI: 0.259-1.187). a, Schematic of the one-choice drift diffusion model that was fitted to the data. Evidence accumulation begins at starting point, z, and a response is initiated when the cumulative evidence reaches the decision boundary, a. The rate of accumulation is called the drift rate, v, which can vary from trial to trial. This variability is assumed to be normally distributed with a standard deviation of η. On some trials, the cumulative evidence did not reach the decision boundary before the response deadline; in these cases, the trial was classified as a miss. b, Neurally informed model fits (solid lines) to the observed reaction time distributions (histograms) pooled across participants. Inset of each panel: observed and model estimates of target misses. c, Mean parameter estimates derived from model fits to individual data where the decision boundary and drift rate were free to vary. d, Mean parameter estimates derived from model fits to individual data where the decision boundary and drift rate were constrained. *P < 0.05, **P < 0.01, ***P < 0.001.
Discussion
Our results highlight ways in which human brain recordings and abstract computational models can be used to reciprocally inform one another to gain deeper insights into the factors that shape perceptual decision-making. For both motion discrimination and contrast-change detection decisions, the initial behavioural modelling and neural signal measurements pointed to very different explanations for age-related changes in decision-making performance. However, adapting the models to take account of our neurophysiological observations by fixing certain model parameters (that is, bound for motion discrimination, bound and drift rate for contrast-change detection) and adding in others (that is, starting point variability for motion discrimination) produced estimates of the remaining unconstrained parameters that could account for the observed ageing effects on the neural decision signals as well as behaviour. Furthermore, the neurally constrained model fits uncovered additional effects, which were in turn confirmed in follow-up neural signal analysis.
Like many other studies that have examined the effects of ageing using sequential sampling models [10] [11] [12] [13] [14] [15] [16] 19, 20 , our initial model fits to the behavioural data suggested that the main age-related adjustment in decision-making was a widening of the decision boundaries. However, these modelling results ran contrary to our neural signal analysis, which showed no significant age-related differences in the amplitude of either the domain-general or effector-selective signatures of evidence accumulation at the time of the decision report. While a Bayes factor analysis suggested that there was strong evidence to indicate a lack of age group differences in the amplitude of either CPP or mu-beta activity at the time of response for the contrast-change detection task, the results for the motion discrimination task were less conclusive. However, it should be noted that the numerical group trends went in opposite directions for these two decision-related signals, with older adults showing smaller CPPs and greater mu-beta activity at response compared to their younger counterparts. Thus, across the two experimental tasks we observed little neurophysiological evidence to support the hypothesis that older adults set higher decision boundaries. Importantly, both of these decision-related signals have previously been shown to be modified in a manner consistent with a change in decision threshold via experimental manipulations commonly used to influence decision policies, such as altering the speed/accuracy emphasis of a task and the presentation of predictive cues 34, 36, 41 , providing confidence that these signals are sensitive enough to detect group differences in decision boundary.
These neurophysiological observations suggest that, in the current experiments, younger and older adults applied similar decision policies. This is not to say that older adults do not exhibit enhanced response caution in some situations. The requirement to continuously monitor stimuli for temporally unpredictable feature changes renders our tasks qualitatively different to those used in previous work where trials are discretely presented and the stimulus onset provides a cue for the initiation of evidence accumulation. In the current study, the unpredictable evidence onset and instructions to respond only when sure probably encouraged the implementation of conservative decision policies in both groups. It may be that older adults exhibit relatively higher decision boundaries when placed under greater time pressure, but our results highlight that any such differences do not generalize to all scenarios.
A further advantage of this modelling approach is that it generated predictions regarding the neural data that would otherwise have been overlooked. Our initial analysis of the sensory encoding and decision signals elicited during the contrast-change detection task provided no clear explanation as to why older adults performed better than younger adults. While the initial model fits to the behavioural data indicated significant age group differences in both drift rate and boundary separation, we did not observe any differences in the corresponding neural measurements (decision signal buildup rates and amplitudes at response, respectively). When the model was constrained to match these neural observations, it accounted for the poorer performance of younger adults via increased trial-totrial variability in drift rate. Thus, the neurally constrained model yielded an empirically testable prediction that young participants should exhibit greater trial-to-trial variability in the CPP build-up rate; indeed, we found this to be the case during both the contrastchange and motion discrimination tasks.
The increased variability of drift rates and more variable decision signal build-up of the younger group were also accompanied by increased variability in posterior alpha-band activity, an established oscillatory marker of attentional engagement [45] [46] [47] . These results suggest that older participants could maintain attentional engagement more consistently across the duration of the tasks. It could not be determined in the current study whether this effect reflects a compensatory strategy on the part of the older group or increased motivation to perform well on the task. Alternatively, given the established links between heightened arousal and greater variability in evidence accumulation 48 , it may be that younger adults were more aroused as they completed the experiment. This heightened arousal state could also help to explain the surprising higher miss rate of the younger group; increased drift variability in the absence of other parameter differences should result in elevated miss rates.
Regardless of the precise mechanisms underlying the increased drift rate variability of younger adults, these results serve to highlight how combining neurophysiological data with behavioural modelling makes it possible to disentangle positive and negative ageing effects.
Our work builds on an increasing trend to use decision-related signals in the human brain to constrain computational models of perceptual decision-making (for example, see Forstmann et al. 16 , Turner et al. [49] [50] [51] [52] and Frank et al. 53 ). For instance, Turner and colleagues 49 pioneered a powerful neurally informed computational approach where model parameters are estimated by simultaneously fitting a model to behavioural data and brain-wide blood oxygenation level-dependent activations, leading to better model fits and more accurate predictions about withheld behavioural data. This data-driven approach has proved to be particularly beneficial in overcoming the limited temporal resolution of functional MRI to isolate decision-related brain structures. Our approach is distinct from that of Turner et al. 49 to the extent that it focuses on the dynamics of a specific set of neural signals that have been empirically verified to trace decision formation in a model-independent fashion 32, 33 . Rather than simultaneously fitting the model to the neural and behavioural data, we first fitted a standard diffusion model to our behavioural data and the recovered parameter estimates were used to generate predictions about the neural data. We then examined these decision-related neural signals and, in cases where discrepancies arose between the model results and the signal analyses, the neural data were used to constrain the model. In both experiments, the constrained model was found to provide a marginally better fit to the behavioural data than the standard model. However, more importantly, the constrained model provided a much better account of the key group differences observed in our neural signatures of decision formation, including the slower rate of evidence accumulation and greater noise accumulation at target onset in older adults during motion discrimination, and greater across-trial variability in evidence accumulation rates in younger individuals on the contrastchange detection task.
The continuous monitoring tasks employed in the current study placed a strong emphasis on the detection of stimulus feature changes. In the version of the random dot motion task implemented in the current study, participants frequently missed targets; however, incorrect discriminations were rare. Consequently, the behavioural data provided fewer constraints for modelling purposes than the discrete trial forced-choice tasks that are more typically employed in the decision-making literature. Nevertheless, there is good evidence to suggest that the diffusion model behaves appropriately with these data. First, both the initial and neurally constrained models provided excellent fits to the behavioural data from both the motion discrimination and contrast-change detection tasks (see Figs. 2 and 5, as well as Supplementary Figs. 1 and 3) . Second, the recovered parameter estimates from the unconstrained models produced age-related effects that are consistent with those reported in previous studies that employed standard two-alternative forced-choice tasks. Most notably, in keeping with the previous literature [10] [11] [12] [13] [14] [15] [16] , our modelling results indicated an age-dependent widening of decision boundaries for both the motion discrimination and contrast-change detection tasks. Third, our neurally informed models also captured all of the key group differences in evidence accumulation dynamics observed in our neurophysiological data. In this sense, the current study highlights how neural data can provide additional constraints for modelling data from behavioural scenarios that are in other ways not ideal for model fitting.
Whereas older adults displayed smaller drift rate parameter estimates coupled with slower mean build-up rates of the abstract and effector-selective decision signals on the random dot motion task, no such effects were observed on the contrast-change task. Thus, age-related drift rate reductions are probably due to task-specific deficits in sensory encoding affecting the quality of evidence entering the decision process. These findings are in keeping with the literature on the effects of age on sensory processing; while there is ample psychophysical and neurophysiological [54] [55] [56] evidence to suggest that motion processing declines with increasing age, sensitivity to stimuli of relatively low spatial frequency and high contrast, such as the chequerboard stimuli used in the current study, appears to be preserved in older adults [57] [58] [59] . Thus, taken together, our neurophysiological data suggest that ageing does not lead to a fundamental decline in perceptual decision formation processes per se, but rather impacts on certain sensory inputs. An implication of these observations is that remediation strategies aimed at enhancing perceptual decisions in older adults should target those specific aspects of sensory processing that are subject to age-related decline.
One of the unexpected findings to emerge from the neural data was the early CPP build-up in older adults on the random dot motion task. We tested the hypothesis that this early build-up reflected greater premature (that is pre-target) accumulation in the older group by including the starting point variability parameter as a free parameter in our model on the grounds that it would capture any variance in performance due to evidence accumulation during the inter-trial interval 42, 60 . The addition of this parameter improved the fit to behaviour and also indicated higher levels of starting point variability in the older group, consistent with our CPP observations; because CPP manifests as a positive deflection irrespective of the participant's choice 61, 62 , its amplitude at the onset of coherent motion should be larger with higher levels of starting point variability. The reasons for this early build-up are unclear. One possibility is that older participants implemented a different evidence accumulation strategy in comparison to the younger group. Previous work from our laboratory has shown that in cases of temporal uncertainty of target onset, younger participants rely on early target selection signals to initiate neural evidence accumulation 40 ; these findings motivated our initial decision to commence the accumulation process in our models at the time of evidence onset. However, the premature CPP build-up exhibited by the older adults in the motion discrimination tasks suggests that it is unlikely that the decision process is started at evidence onset in this cohort. Rather, the current CPP data suggest that older adults accumulate evidence over the course of the inter-trial interval, perhaps owing to a reduced sensitivity to coherent motion onset. In this case, it is possible that both younger and older participants implement a continuous 'leaky' accumulation-tobound process where older samples of evidence are discounted as time passes 63 . The increased pre-target CPP build-up in the older adults could arise from reduced leakage, possibly as a strategic adaptation to avoid missed targets. While the introduction of starting point variability to our model allowed us to account for variations in behaviour and CPP arising from pre-target accumulation, further research is required to establish the precise accumulation strategies that are implemented in continuous monitoring contexts.
Leveraging human brain signatures of decision formation to constrain computational signals has potential benefits that extend beyond research on ageing. Recent studies have suggested that the full drift diffusion model may be more complex than required in certain circumstances and this complexity can lead to more variable parameter estimates. The key message from these studies is that the sensitivity of diffusion models to between-group effects can be enhanced by reducing or constraining some of its parameters. However, determining which parameters should be constrained in a given experiment is not straightforward. For example, the EZ-diffusion model 64 does not include between-trial variability in any of its parameters and has been shown to be a more powerful tool at detecting simulated between-group effects as a result of this simplification 65 . Yet, our neurophysiological data suggest that its exclusion in the present context would overlook an important aspect of how ageing impacts the decision-making process. In the current study, we show that inspection of neurophysiological signals reflecting decision formation processes can provide a principled way of constraining the parameters of abstract decision models (see Hanks et al. 25 , Purcell and Kiani 28 , and Murphy et al. 36 for similar approaches). Given the success of this approach in reconciling the differences in our behavioural and neural indices of decision-making, this study paves the way for using similar techniques to address questions in clinically relevant groups with impaired decision-making, such as those with attention deficit hyperactivity disorder (for example, see Hauser et al. 66 ) and those suffering from addiction (for example, see Bechara 67 ).
Methods
Participants. Thirty-nine younger and 42 older adults volunteered to take part in the study with the sample size determined by a power analysis. The younger participants were recruited from the student population of Trinity College Dublin and compensated with research credits for their time, while older participants were recruited from the Trinity College Institute of Neuroscience volunteer participant panel. Criteria for inclusion in the study were: right-handedness; normal or corrected-to-normal vision; no personal history of neurological or psychiatric illness, brain injury, abuse of substances or use of psychotropic drugs; no personal history or family history of epilepsy, unexplained fainting or sensitivity to flickering light; and a minimum score of 26 on the Mini-Mental State Examination. The age groups were matched for sex and years of education (younger group: 15.1; older group: 15.9); however, the younger group had a significantly higher average score on the Mini-Mental State Examination than the older group (younger group: 28.8; older group: 27.7; P < 0.001). All participants were naive to the purposes of the study and provided written consent to participate. Participants were excluded if more than two-thirds of their trials were rejected due to EEG artefacts. This led to the rejection of two younger and four older participants on the random dot motion task and one younger and four older participants on the contrast-change detection task. A further two younger and seven older participants were excluded from the random dot motion task due to technical issues during data acquisition. Following participant rejection for each experiment, there was a final sample of 35 younger adults (17 men; age range: 18-38; mean age: 22) and 31 older adults (13 men; age range: 66-83; mean age: 74) on the random dot motion task and a sample of 38 younger adults (15 men; age range: 18-38; mean age: 22) and 38 older adults (16 men; age range: 66-85 years old; mean age: 74) on the contrast-change detection task. Previous research conducted by one of the authors on a similar topic 68 indicated large effects of age on the stimulus-locked P300 (Cohen's d = 1.1); our sample sizes were calculated to detect age effects approximately half this size. Our final sample sizes were sufficient to detect the effect sizes of Cohen's d = 0.61 on the random dot motion task and Cohen's d = 0.58 on the contrast-change detection task with > 0.8 probability. All recruitment and experimental procedures were approved by the School of Psychology Research Ethics Committee, Trinity College Dublin.
Procedure. Participants performed a continuous version of the random dot motion discrimination task 32 and a contrast-change detection task 33 . Both tasks were completed in the same session in a darkened and sound-attenuated room, with the order of the tasks pseudo-randomized across participants. In the same testing session, participants also participated in a visual oddball task, the results of which will be reported in a subsequent publication. Stimuli were presented on a 51 cm cathode ray tube monitor operating at 85 Hz and with a resolution of 1024 × 768. Participants were seated at a distance of 55 cm from the display and were instructed to fixate a centrally presented fixation point at all times during task performance. Before each task, participants carried out a practice block to familiarize themselves with the task and stimuli. During the practice sessions, participants were given feedback on hits, misses and false alarms.
Random dot motion task. Participants continuously monitored a patch of incoherently moving dots for intermittent targets defined by a period of coherent motion in the leftward or rightward direction (Fig. 1a ). Motion direction and coherence level (30 or 60%) were varied independently and randomly on a target-by-target basis. To facilitate the measurement of motor preparation signals, participants were asked to indicate leftward motion with a left-hand button press and rightward motion with a right-hand button press. Participants were instructed to avoid guessing and to respond as soon as they were certain they had perceived coherent motion. The inter-target interval, during which the incoherent motion was continuously displayed, lasted 3, 5 or 7 s and was randomly chosen on a targetby-target basis.
Motion stimuli were presented within an 8-degree aperture centred on the fixation point and were displayed against a black background. During incoherent motion, an average of 150 white dots (each 6 × 6 pixels) were placed randomly and independently within the circular aperture on each of a sequence of 58.8 ms frames played at 17 frames s −1
. During coherent motion, a proportion of the dots were randomly selected on each frame to be displaced in either a leftward or rightward direction on the following frame at a speed of 6 degrees s −1 . To accommodate very slow responses from older participants, coherent motion targets were displayed for a maximum of 10 s or until 500 ms after the participant responded. Participants completed 6 blocks of the task, each lasting approximately 5 min and comprising 30 targets.
Gradual contrast-change detection task. Participants continuously monitored a flickering (21.25 Hz) annular chequerboard pattern for intermittent targets defined by a gradual decrease in contrast. The chequerboard stimulus (inner radius = 3 degrees, outer radius = 8 degrees) consisted of alternating light and dark radial segments presented against a dark grey background and was located in the centre of the display. Targets consisted of a linear decrease in contrast from 70 to 40% over a period of 1.6 s followed by a return to 70% contrast over a further 0.8 s (Fig. 4a) . The inter-target interval, during which the stimulus flickered at 70% contrast, lasted 3, 5 or 8 s and was randomly chosen on a target-by-target basis. Participants were instructed to avoid guessing and to make a mouse button press with their right index finger as soon as they were certain that the annulus was decreasing in contrast. Participants completed 4 blocks of the task, each lasting approximately 4 min and comprising 24 targets.
EEG acquisition and preprocessing. Continuous EEG data were recorded using an ActiveTwo system (Biosemi) from 64 scalp electrodes and digitized at 512 Hz. Electrodes were arranged using the standard 10/20 set-up. Vertical and horizontal eye movements were recorded from four electrooculogram electrodes located above and below the left eye and at the left and right outer canthus, respectively. Data were analysed using custom-made scripts in MATLAB (MathWorks) drawing on EEGLAB routines for reading data files and for spherical interpolation of noisy channels 69 . EEG data were re-referenced offline to the average reference and lowpass filtered to 40 Hz using a two-way least-squares finite impulse response filter.
EEG data were segmented into epochs of − 750-2,500 ms and − 750-2,100 ms for the random dot motion and gradual contrast-change detection tasks, respectively. For the gradual contrast-change detection task, epochs were baselinecorrected relative to the average signal in the 250 ms interval preceding target onset. Inspection of the data from the random dot motion task revealed that, on average, the CPP onset of the older group occurred before the onset of coherent motion (see Supplementary Fig. 2 ), suggesting a tendency towards premature evidence accumulation onset due to temporal uncertainty of stimulus onset. Epochs were therefore baseline-corrected to the average signal from − 600 to − 500 ms with respect to coherent motion onset. Trials were rejected if the bipolar vertical electrooculogram signal (upper-minus-lower) exceeded an absolute value of 200 μ V or if any scalp electrode signal exceeded 100 μ V within a window of 750 ms prestimulus to 150 ms post-response. EEG data were converted to current source density 70 to increase spatial selectivity and reduce the spatial blurring effect of volume conduction.
Signal analysis. SSVEP. In the contrast-change detection task, the contrastdependent SSVEP provided a cortical representation of the sensory evidence. The SSVEP was measured at a frequency of 21.25 Hz using the discrete Fourier transform over a window of exactly 10 cycles (470 ms) of the stimulus flicker frequency to attenuate spectral leakage. We first identified the region of maximum amplitude of the SSVEP on the grand-average scalp topography over ten cycles of the SSVEP immediately before target onset. For each participant, the pre-target SSVEP amplitude was averaged across trials and normalized by dividing by the average amplitude at 21.25 Hz across all electrodes and trials. This normalization step was required to account for inter-individual differences in the amplitude of the SSVEP 71, 72 . A further baseline correction step was applied by dividing the normalized SSVEP at each electrode by the average amplitude measured across all frequencies. On the basis of the resulting topographies, the SSVEP was averaged over six electrodes centred on standard sites Oz and POz for both age groups.
The temporal evolution of the SSVEP was measured for each participant by calculating the average SSVEP amplitude across trials over a 10-cycle window at the start of the epoch and progressively moving the window forward by one sample (step size = 50 ms) until the SSVEP was calculated across the entire stimulus-and response-locked epochs. The SSVEP was then normalized relative to the 470 ms pre-target window for each participant.
CPP. The time course of evidence accumulation was indexed by a CPP in the ERP 32, 33 . Stimulus-locked CPP waveforms were generated for each participant by averaging the single-trial epochs defined in the 'EEG acquisition and preprocessing' section. Response-locked CPPs were derived by extracting epochs from − 900 to 300 ms relative to the time of the response, retaining the same prestimulus baseline intervals as the stimulus-locked waveforms. For both tasks and age groups, CPP amplitude and latency were measured at a single electrode centred on the region of maximum component amplitude identified in the grandaverage response-locked scalp topography (standard site Pz). The peak magnitude of the response-locked CPP was calculated as the maximum voltage within the − 100-100 ms window centred on the individual response time. The build-up rate of the response-locked CPP was measured as the slope of a straight line fitted to the unfiltered ERP waveform over a time window of − 250 to − 100 ms.
Mu-beta.
On the random dot motion task, motor preparation signals were indexed as a decrease in lateralized oscillatory activity in the mu and beta bands excluding the single frequency bin at precisely 17 Hz (stimulus flicker frequency). Oscillatory power in the mu-beta band was measured in the hemisphere contralateral to the hand used to indicate the direction of dot motion. Mu-beta power was measured over electrodes C3 and CP3 for right responses and C4 and CP4 for left responses, with the electrode sites selected on the basis of the grandaverage response-locked scalp topographies. Contralateral signals for right and left responses were averaged to produce a single contralateral waveform for each motion coherence condition. The temporal evolution of the mu-beta power was measured via a sliding boxcar window of 412 ms with a 58 ms step size. For each participant, mu-beta amplitude was normalized relative to the average signal from − 600 to − 500 ms with respect to coherent motion onset.
On the contrast-change detection task, lateralized mu-beta power was measured as the oscillatory power in the 8-30 Hz range excluding the 21.25 Hz frequency bin (stimulus flicker frequency) over the standard left hemisphere motor site C3. The temporal evolution of the mu-beta power was measured via a sliding boxcar window of 470 ms with a 50 ms step size. For each participant, mu-beta amplitude was normalized relative to the 470 ms pre-target window. The slope of the response-locked mu-beta power was measured over a time window of − 300-50 ms in the response-locked waveform, while the trough of the mu-beta power was measured within the − 100-100 ms window centred on the individual response time.
Alpha. The degree of attentional engagement during task performance was indexed by variability in pre-target alpha-band activity. For each participant, the average alpha amplitude (8-14 Hz) was calculated over the 707 ms (exactly 15 cycles of the SSVEP) interval before target onset across all 17 posterior electrodes. To assess the variability of alpha power between the two age groups, the c.v. was calculated by dividing the s.d. of the pre-target alpha amplitude by the mean activity. The c.v. is closely related to the s.d. of a sample; however, it is not dependent on the sample mean 73 . Therefore, it is an appropriate measure for situations in which there is potentially a difference in sample means.
Statistical analysis.
All statistical tests were two-tailed. In cases where data violated parametric test assumptions, equivalent non-parametric tests were carried out. To determine the relative strength of evidence behind our approach of fixing parameters in the drift diffusion model based on our neural signal analysis, we conducted a Bayes factor analysis of the slope and amplitude measures of the CPP and mu-beta power for each task using JASP 74 . The Bayes factor overcomes some of the issues associated with null hypothesis significance testing by quantifying the relative likelihood of the data under the null versus the alternative hypothesis. Specifically, for Bayesian alternatives to the t-test we calculated the Jeffrey-ZellnerSiow (see Rouder et al. 75 ) Bayes factor with an effect size of 1 to determine the strength of evidence in favour or against a group-level difference in the slope and peak amplitude of the neural signals of interest in each task. All Bayesian analysis of variance used the default settings in JASP (r scale fixed effects = 0.5; r scale random effects = 1; r scale covariates = 0.354). A Jeffrey-Zellner-Siow Bayes factor can be interpreted such that a value of 3 favours the null hypothesis three times more than the alternative hypothesis, while a value of one-third favours the alternative three times more than the null hypothesis.
Drift diffusion modelling.
Behavioural data from the gradual contrast-change detection and random dot motion tasks were fitted with one-choice 43 and twochoice 76 drift diffusion models, respectively. Drift diffusion models assume that decisions are made through a noisy accumulation process where sensory evidence is accumulated over time from a starting point, z, and a response is initiated when the cumulative evidence reaches the correct, a, or incorrect, 0, response boundary (see Fig. 2a ). The rate of accumulation is called the drift rate, v, and is assumed to reflect the quality of information driving the decision process. The mean drift rate can vary across trials and this variability is assumed to be normally distributed with an s.d. of η. There is also within-trial variability, or noise, in the evidence accumulation process. There is also within-trial variability, or noise, in the evidence accumulation process, which allows that processes with the same mean drift rate terminate at different times leading to a distribution of response times, and occasionally at the wrong boundary, leading to incorrect responses. The noise within a trial is also assumed to be normally distributed with an s.d. of s and is fixed at 0.1 to scale the other parameters 77 . All non-decision-related processing is accounted for by a single non-decision parameter, T er , that incorporates additive delays associated with sensory encoding and motor execution. For the contrast-change detection task, we assumed that the drift rate rose linearly over the duration of the target stimulus to reflect the ramping evidence signal (that is, decreasing contrast) in this task. Guided by our neurophysiological observations from the motion discrimination task, we also introduced across-trial starting point variability (sz) into the model for that experiment and this was assumed to be uniformly distributed. Given the continuous nature of the experimental tasks, we made an additional assumption that if the evidence accumulation process had not terminated at one of the response boundaries by a time deadline, the trial was classified as a miss (see also Murphy et al. 78 ). The response deadlines were set to 10,000 ms and 1,750 ms for the random dot motion and contrast-change detection tasks, respectively. We also made the additional assumption that the evidence accumulation process commenced after target onset. This decision was motivated by previous work from our laboratory showing that in scenarios involving temporal uncertainty of target onset, early target selection signals appear to play a role in initiating the neural evidence accumulation process 40 . Unlike discrete versions of the random dot motion task, erroneous discriminations on the continuous version of the task were rare (~1 and 4% of targets in younger and older participants, respectively). Several features of the data suggest that the few errors that occurred were probably not the result of evidence accumulation towards the incorrect decision boundary, but rather arose from erroneous action selection. First, older adults made significantly more errors when coherence was high than when it was low (5.4 versus 2.6%; W = 260; P < 0.001; Mann-Whitney U-test), a pattern inconsistent with the predictions of the diffusion model (for example, see Ratcliff and McKoon 76 ). Second, error rates were greater than false alarm rates for both younger and older adults (younger: 0.004 versus 0.002 s ; P < 0.001; Wilcoxon signed-rank test). Given that false alarms occur in conditions with no sensory evidence (that is, drift rate = 0) and errors occur with a positive drift rate diffusing towards the correct decision boundary, if errors reflected crossings of the incorrect decision boundary we would expect to see fewer errors than false alarms. Together, these observations suggest that most of the errors we observed on the motion discrimination task did not arise from the evidence accumulation process itself. As a result, errors were excluded from the diffusion modelling analysis of the motion discrimination data.
We fitted a number of diffusion models to the behavioural data from each perceptual task with varying parameter constraints and estimated parameter values by minimizing the G 2 statistic with a SIMPLEX minimization routine. To fit the model to the data, five RT quantiles (0.1, 0.3, 0.5, 0.7, 0.9) were calculated from the RT distribution on correct trials; the proportion of trials lying between those quantiles were multiplied by the total number of trials to yield the observed values. All RTs lying between 0 ms and the deadline in each task were included in these fits. These quantiles were then fed into the drift diffusion model to calculate the simulated proportion of trials found between these RT quantiles and were multiplied by the total number of trials to yield the model-derived expected values. The goodness of fit between the observed and expected values was calculated via a G 2 test and this statistic was minimized to provide estimates of the key model parameters. In models where parameters were constrained to reflect a lack of an age group difference in our neurophysiological observations, parameters were fixed to the mean of the younger and older estimates from the unconstrained model fit to the pooled data. Model comparisons were performed using a BIC. The BIC provides a trade-off between model complexity and goodness of fit, favouring a model with fewer parameters if the differences in the d.f. outweigh the gains associated with a better model fit. The preferred model for each task was chosen based on which produced the smallest BIC value.
For each experiment, we fitted the model to the data in two ways. First, we pooled data across participants and fitted the model separately to the younger and older group data. Our approach was to find the most parsimonious version of the model (fewest number of parameters) to adequately fit the data to avoid overfitting (see van Ravenzwaaij et al. 65 for a discussion of this topic). To this end, we first attempted to fit the pooled data with just the core components of the drift diffusion model left free to vary (drift rate, decision boundary and non-decision time). However, this initial model did not provide a good fit to the data. Through model simulations, we identified that we also needed to include between-trial drift rate variability as a free parameter to capture the shape of the RT distributions. The addition of between-trial drift rate variability greatly reduced the G 2 values in both the younger and older data. Therefore, we fitted this model to each participant's data individually and averaged the resulting parameter values across participants. These recovered parameter values were then subject to inferential statistical analyses.
Reporting Summary. Further information on research design is available in the Nature Research Reporting Summary linked to this article.
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